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Bin Packing Algorithm Based on Adaptive Optimization of Slack
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Abstract The bin packing problem is a classical and important mathematical optimization problem in logistics system and pro-
duction system. A series of items are put into bins with fixed capacity in a certain order,and the number of bins used is minimized
to obtain the approximate optimal solution of the bin packing problem to the greatest extent. However, the existing bin packing
algorithms have obvious defects. Genetic algorithm has too much computation,and even can’t find the required solution. Heuristic
algorithm can’t deal with the extreme value problem. And the existing improved algorithm will easily fall into the local minimum
even if the slack is introduced. The proposed Adaptive-MBS algorithm uses adaptive weights to improve the original method. Spe-
cifically, the method is allowed to have a certain amount of slack,and has the intuition of capturing the change of object sample
space with time.so as to use a better slack strategy to pack. The Adaptive-MBS algorithm first uses the current bin as the center
and uses the Adaptive_Search algorithm to iteratively find a subset of all objects in the set suitable for the bin capacity. In the
Adaptive_Search algorithm,the bin is not required to be completely filled,but is allowed to have a certain amount of slack. In the
training process,the slack is automatically adjusted according to the change of the current state,and after finding the subset that
is completely filled, the subset is iterated to the next round of search until the traversal is completed. This method is not easy to
fall into local optimum and has strong ability to find global optimum. In this paper.the BINDATA and SCH_WAE data sets in
the packing problem are used for experiments. The results show that 991 cases in the data set can be optimized by Adaptive-MBS
algorithm. In the case where the optimal solution is not found, the proposed algorithm has the lowest relative offset percentage in
all comparison algorithms. Numerical experiments show that compared with other classic bin packing algorithms, Adaptive-MBS
algorithm has better effect and its convergence speed is significantly better than other algorithms.
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4 18] #51 (Bin Packing Problem, BPP) & & i ) 85 filt 4 45
IR B, 7B A R B g5 b R R A A
00 H A R 803 B i K B dm /N I A . T B A R R, R ]
PRFR I ) P 2 200 LA S /ML BT AR B 7 A R c A
FRECR A . AW K/NEEE M, Bir 2R &
Uk L 7 B A BOE L BB B /M. BPP 7E SR PR 4 £ 0
F B, 22 4b BLERAT: 45 98 B T AT A B | 22 WA A fid R b R
TF )RS . DR O, Jan e 3o 5 00 b - 2B 4 SR L AT AR I
PSR X, A AR R A TR B R A T B I ] A A R A
AR R B

B AR 4 )8 Sk s e & AR oo &
AR S R BB TR G IR
P 3 U0 7 S ke B A ) E B EE Sk f . T BPP TS
5 PEFR G R — N 2H A B9 NP-hard ) 800, Bl 25 W K %
AR, T AT R S S A I, B I PR SR IN] R (P A A
HEFE B BUE 1 2 8% & NP-complete ™ (1), R I . %% 4 55 ¥ 14
Pl f — A 3R & TR R IE 07 1)

MBS(Minimum Bin Slack)"™? 5% ¥k & 72 i FH A9 2% 46 55
B2 —. MBI A R R M R B P (Lexicographic
Search Optimization Procedure. fij # L 8 ) F- & &L F4E.
MBS 5 i J77 5 258 1 A A LRI B e R L s A Y
R A TR R YIRS . U8 T 0k 58 4 2 7 sl o e A
iy {4 0 LABE A 45 2 8 i AR B Rk . SCR(8 DM B HiE
W T iZ B Y R E B AN TSRS TR AR
i, — 52 A AR AR R A A

SR, BRAT B R 22 00 T MBS 197 B3 Bl i . e sa
FAEV Gt B i 208 T X 4 R W A RE AR 2 TR R R L
SN R . Ae AN R 18 L R T R 0 A 1
FEANWT B, 2 R B A 2 TR W DR S & 3 IS Tk 4 SR S R A
fr AR ERER X P T REMEGRAHE,

BA B E T MBS By 5 35 091 25 56 W 7T R A A 109 L i 8k
Y G5 W 38 5 8 T BB S A W e Lk B, e R Rk R ) R
P PR A 2 ), (R A I AR R R AR 25 o] LS B 4 Ry 1
B 1 R SO DS B . AR 2R A VR O A AL ) B
PR P AR SCHRE R T 3 AT ot T S

HASRE A SR TR v MBS 28 ML 5 152 5 [ R
T AR A AR 4840 T —Fb (1 38 R AR T AR L. S
T FEAR L, A SOOIk Re KA O 0 M 5 0 A i e ) R 2R L AR
SO EESTER AN R

(DFE MBS 53k H 51 A [ 35 R S5 /b ot B 4 722 1 3
HREM, LUE AT HE S MBS 53k B 908

() JIT 4 11 Adaptive-MBS &y DL 8 R IF 1 A
T A ol A A, A K A R B AR R R e . o Rk
T BEE KRB, o T HA TR RS R
it 9 68 7 PR T AR R B AT B 2 A S

2 tEXIE
20 48 70 A ) ] NP-hard™ 7] 8 52 £ Pk 82 57 )5, — 4k

AR BRIk, BHEl, BRSNS AR E ARG
BF5E. T 24 W) R — A NP-hard [R]85, R 24 3 K £ 2%
g & G 2 3R B e 12 30 S O e IR DA T 5%

Coffman 2577 ¥ Yk 41 [l Bl T 45 #h g & X 50E0Y . FF
(First Fit) ,NF(Next Fit) , BF(Best Fit) fil WF(Worst Fit) 55
HR T AL R Tk, TELE R 07 vk 2 1 IR 1 5]
e DS O e o = e W R PO/ EEN PN
/NVIAE 3 3600 3847 HE ), 8 5 B FF 3% BF, 8 H 19 B ik
£i BFD!'?) (Best Fit Decreasing) . FFD"'*) (First Fit Decrea-
sing) Ml WED(Worst Fit Decreasing) ., i W 25 &0 B 75T
BN T AR, BOR B G E WA T A TR
BIRE T . XFRSEXTAE T REAT B AR R O i L R E T D B 3k
B IRAE S I T SRR R B — A R Ak B
Waly S T — AN B . 0 i AR TIE 2 A/ B0 T A R 04 1 2
WA TZW R, RS A 2B,

Gupta T —Fop B 5 & AL MBS, MBS
EUAATF RO R BRI F IR ES. X
Fp o7 SAIE T 4R/ 0L F A Z PR T — eSS Ty
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Zid B g RBE R H b T AR R M, S B0t
BE Al S AR R R e 25 . R TR — A [R) U 7E [R)
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D% 0 AW T A RO AR SO i 28 g — 2 g
1] B T A R A R

MR HAPREWRNES L={a a0, ha ) YRR
KA sCa) He HEEA R 1R C AT b, REHE T 108
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e L Pr o U ASHZE W T4 B, 18 B, BrA ¥ dh R/ANZ
A AR X — 2RI BN m . WA

L=B, UB,U--UB, @D)

Via, €B;,0< 2 s(a)<C (2)
i€ bin(k)

Vi, 1< j<m,s(B,)<C (3)

Va,€L,3da,€B; (D

min m
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4.1 ZHMNBENXNER

MM BEL S R R T W IERRETES,
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&% 2 Adaptive MBS &3

Stepl  t—>1. WAL A E N AE o,

Step2  FEA AL 5B slack€ (0, min_value * w) .

Step3  While: i 4 9 {4 A B 48, 8 4% 5 J7 2 Adaptive_Search, 4%
MO FE T k PR ES S, BN, end While,

Stepd  Hf S=(S1.Ss .  SOBMMAFH T (1,2,+, k),

38 WAL T Adaptive-MBS 5 8 B9 4% 0 5 8k, % 55 s
PEREH E 0. Adaptive-MBS 8- ik i i 78 & — 8 2k A4 b
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BUE R wnin =0. 441050 = 0. 93¢ Fon A5 2 AR P 28 5 9 1k 7E

DA BA B v BT A A B Tk AR B TS LA s

FRBEFY IR BB, A SCHT 948 R ¥ Adaptive_Search

B AR ISk 3 TR .

&% 3 KL Adaptive_Search

Input:t; for i=1,+,5;Csk=130=(a(1) ,0(1),++06(s)), HH t,, =
toeny = Sty s0=03]= L3m=(n(1) ,7(2) , =+ . w(})) = (a(1) ,
a(2) s a0(D); w=1

Output:S= (S, .S, .S

Stepl 77 A BEALAA BB B slack € (0, min_value * w), # A Step2,

Step2 WH(0<<C— P, <<slack). % S, ==, #k A Step7; 7 W ¥E A
Step3,

Step3  #EF| g fli o(q =), WHR P, <C, % j=j+1. %8 w=w,,,—

) .
e S TR o HEA Stepd; AIEA Steps

Stepd W P,>a,% a=P,,Sy=n,# A Step5.
Step5 R q<s. % my=0(q+ 1), #E A Stepl; % Wi A Stepb.
Step6 WA j=1,#F A Step?; HM. & j=j— 1, LMW w=wy —

Winax —

(0x Vi) g 4 o, 4050 0 B o) = () A Steps.
Step? 4L Syt M FIS K ANKE TP

=17 % o,
#q, olq)=r,

S,k E F kN

Y
BT <J-T>

End

K1 Adaptive. MBS % i # &l
Fig.1 Flow chart of Adaptive_ MBS algorithm
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F: 40 fE Ubuntul6. 04 B3 F #E 47, Bie & 2 CPU24 Intel
(R) Xeon(R) CPU E5-2620 @ 2. 6 GHz, ¥ Pycharm 1£ & JF
KA,
5.2 {RMiEHR
5.2.1 ZE 4%k

— i 2 A ] R SR A A AR [ A AR DL 0T I

MBS T 8CE . VT RUE TR A A R o 3 A Eb
FIPA . AR RLZRT T AR NS, OPT &
Ay A G S0 A e 0 A T AL B B R T B A SR i e
A 1) LA o AR v, R R RE B — B R B, — B B G
AR OPT (o), EfFE— D FRRMAE™), B FHEMAEK
A B4 R ) 4 Ok 255 A T A A F AR A VT RE/N TR B E
EHRANETFAERAE R .

OPT<J>>('%‘TW 6)
S, (RS IR C R T AR, T WA
D&/
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Forfr, SOL ARFR TS ¥k B A T 8948 740, OPT & 0 B4
R I 0 dr O T L B TR, SR LN 1L ERE R
BB T R, WA AR SE P IL ST RERE T T 1. B
B0 T 2 ) F) 2R A SR W AR A 3T T B AT A
5.2.2 FAREMAKELANGF

T 3o X H A% B 1 Ofe S B R U A 14 R LLITEA 4% 55 0k
BIE S 2 — AR E A WA O 2. (R 7 8 B A o R
R, 7 A Y — AT B 1 2 4% 8k 4 S B 2 B S 40 ) 2 0 A O
it o PRLIE . B RS B B S , BT i i B8 Bk 46 4% Sk S B
it 5 e LR 0 s 22 7T 0 L o Sl A LR SRS TR R AR O ) i 22
1 Gap 2790 SR PFAG Bk PR HEE SOh

 SOL-OPT
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5.3 LIGHIESE

A 3Cfd ] BINDATAR F1 SCH_WAE™S 5 A % 35 4E .
Scholl Z27 48 H Y BINDATA ¥ &£ & 3 H3ds . 45—
o4& (Binldata) f 720 ASSE B4, Horp 704 4S50 41 H A5 2
TR . 4 4R (Bin2data) f1 480 A S0 40 1%, A S
WS4 477 A, 1€ Binldata il Bin2data 84 7, ¥ 1
B M 50 ] 500 A%, H5 = RIE (Bin3data) A 10 A5 4
BASLHIERA 200 A4~ H 4 ¥ 5] 43 45 48 (20 000, 35 000) X [H] Y
IR X S ) A gl 2 A K /N 100000 B2 .k 41 5 ol
FAMELLR A, Hoh B 3 AN AR IL . SCH_WAE %4
3k A Schwerint®®! #1 Waescher, X ¥4 5 200 452
B, I 45 T BT E A AR

WA R 5 S5 M7 i, S 5% R R B0 2
A0 B AU A C %0 T B (1410 Bl A 26 6], PE4E{E B
#1040,

Competitive_Ratio= D)

1SRG AF S

Table 1 Information about problem instances
A% S 9] % Wik EE HFRE Ay A G
Binldata 720 [1,100] {100,120.150} {50.100,200.500}
Bin2data 180 [1,700] 1000 {50,100,200,500)
Bin3data 10 [20000.35000] 100000 200
SCH_WAE 200 [150,200] 1000 {100,120}

5.4 LBHHER
FT 5 UE Adaptive-MBS 5 3% (0 A 20 M. A 3C 4l E
BINDATA #1 SCH_WAE %4 48 L % H 5 2 858 5k .
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MBS ##% 5 MBS’ Sk - AT T S0 80 L, A S50 45 19 45 A
S R A 2 B AR D 1A 1 22 R e S E 5L I
1T A 195 A1 e M 03 7 S [R) 22 B I 50 1k A e o) A P B 5K
AR 2— R 8 HF|. Hrh, & 2— R 5KRFII T 8 b
R RO Ve M IE T E T

% 2 Binldata ZU¥64E [ 19 SR 45 5

Table 2 Experimental results on Binldata dataset

H & S B Jn AL R KERNE wmi b FHEER
NFD 0 720 1.3502
FFD 546 174 1.0497
WFD 442 278 1.0537
AWFD 163 557 1.0663
BFD 547 173 1.0497
MBS 252 468 1.0645
MBS’ 633 87 1.0471
Adaptive-MBS 661 59 1.0459

# 3 Bin2data SR IR E5 R

Table 3 Experimental results on Bin2data dataset

Hk LI E Fo bR AEACHRMM FHESR
NFD 59 421 1.1271
FFD 236 244 1.0315
WFD 213 267 1.0336
AWFD 1 479 1.0806
BFD 236 244 1.0315
MBS 125 355 1.0829
MBS’ 247 233 1.0264
Adaptive-MBS 291 189 1.0175

# 4 Bin3data $0¥E 5 i) 5256 45 51

Table 4 Experimental results on Bin3data dataset

Hx LB Jn A R ALAC UM PHESI
NFD 0 10 1.1711
FFD 0 10 1.0739
WFD 0 10 1.0739
AWFD 0 10 1.0865
BFD 0 10 1.0739
MBS 0 10 1.0594
MBS’ 0 10 1.0721
Adaptive-MBS 0 10 1.0469

%5 SCH_WAE % 45 i 52 56 45 51

Table 5 Experimental results on SCH_WAE dataset

Hk LI o F AEACHRAEHE  FHEFL
NFD 1 199 1.0622
FFD 1 199 1.0614
WFD 1 199 1.0614
AWFD 0 200 1.1069
BFD 1 199 1.0614
MBS 25 175 1.0574
MBS’ 32 168 1.0513
Adaptive-MBS 39 161 1.0425

NI A 25 R T LR L AR SCER 9 Adaptive_ MBS
BETE WA B AL B3 S T e 2 0 0 dne 0 A SE A TR
-2 58 A LA R B AR . AR SCREVE R A FE G 1, B0 L
R B 1 2 SR W R BRI T e SR

MF 6. 7 T LLAE H L S 1410 A 3 o n) B E 4T 52
55, Hoh 70, 3% (991 D) i 7] 8 AT L3l 33 Adaptive-MBS 453 %]
S LR ELXF T oA S 30 o O AR 149 S 01 AR ST ik A A A 1Y
A RS 4 3 HE e AR . % b Gl 28 LRV AR SO Y A-
daptive-MBS 53 vk B 058 1Y -8 4 Jay o O il 04 g

F 6 FIELEE B BRI I AR X S 1 E 4 L
Table 6 Relative offset percentage of optimal solution of algorithms

on each data set

AL 96)

% Binldata Bin2data Bin3data SCH_WAE
NFD 35.03 12.71 17.12 6.22
FFD 4.98 3.15 7.39 6.15
WFD 5.38 3.37 7.39 6.15
AWFD 6. 64 8.06 8.66 10. 69
BFD 4.98 3.15 7.39 6.15
MBS 6.46 3.08 5.95 5.17
MBS’ 4.71 2.98 7.21 5.10
Adaptive-MBS 4.59 1.75 5.05 4.25

F 7 Adaptive- MBS 52 B L 15 A i (1 44 5 91 5
Table 7 Total number of instances of optimal solution by

Adaptive-MBS

B & S 1] 3 XN 3 FEAE T
Binldata 720 661(91.8%) 59
Bin2data 480 291(60. 6 %) 189
Bin3data 10 0 10
SCH_WAE 200 39(19.5%) 161
it 1410 991(70.3%) 419

2 8 WA, Adaptive_ MBS 5. ¥ ¢ i ] 42 4% i 12 45 £ Y
B9 H P AT & I Adaptive_Search 18 28 J7 i (I 8] &2 2% &
S O2") A S IE N AR AR 3R] AR b Y A it B R B
PIEBER MG IF A 51 ABUAN BB ES . B, Adaptive
MBS 8k B [ &2 22 BE R OC2") 3k F 3k B ), AR SCoR ik
TE B S 09 /N BUASERE A5 v R DL 7S 4 & 3 4 Lo O 5 A B0
AR B R HUBIRE () v FE T+ 5318 0 50 2 I, ) A I [R] A 23 A L
e HE R TR EA ERN LR RR G . R
PR AR R AR S G k. 53 4h, A3 8 WA, Adaptive-
MBS Rt s iF 991 4, B F R FIH ML, fit. &
ST PR A AL .

F 8 KFIE BRI AR SOV B E S 1

Table 8 Cumulative optimal solution and average competition ratio

of each algorithm

B At 5L 3 ik A Pt P E 4t Bt B 2 2 K
NFD 60 1.1776 O(nlogn)
FFD 783 1.0541 O(nlogn)
WFD 656 1.0556 O(nlogn)
AWFD 164 1.0850 O(nlogn)
BFD 784 1.0541 O(nlogn)
MBS 402 1.0660 O2n)
MBS’ 912 1.0492 O2n)
Adaptive-MBS 991 1.0382 O2n)
BRIE AR T T 4R ™ Adaptive

MBS 83k . 2B LA 2 0 5 W AR A 2= [ 23 A A I D
S BUR LT ISR A E AR T AR T R
HE A AR AR ¢ B Sh IR AR 2 AR TS, AR
Mo 7 R ELAT A AR AR A 2 1R i ] 22 A B4 B BE L T AT
RMAEHE 4 LR R B TE L ) e B R s 78 LA 5 v B 4R
RS A R R PR 7 A B LT A R S A T 1
[ B Qe X A% it i A AT A B LS A o T 2 R A AT A
K R oA Ohe SR A [ L Y T BT 5 U5 D
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